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In livestock populations, missing genotypes on a large proportion of the animals is a major problem when implementing gene-
assisted breeding value estimation for genes with known effect. The objective of this study was to compare different methods
to deal with missing genotypes on accuracy of gene-assisted breeding value estimation for identified bi-allelic genes using
Monte Carlo simulation. A nested full-sib half-sib structure was simulated with a mixed inheritance model with one bi-allelic
quantitative trait loci (QTL) and a polygenic effect due to infinite number of polygenes. The effect of the QTL was included in
gene-assisted BLUP either by random regression on predicted gene content, i.e. the number of positive alleles, or including
haplotype effects in the model with an inverse IBD matrix to account for identity-by-descent relationships between haplotypes
using linkage analysis information (IBD–LA). The inverse IBD matrix was constructed using segregation indicator probabilities
obtained from multiple marker iterative peeling. Gene contents for unknown genotypes were predicted using either multiple
marker iterative peeling or mixed model methodology. For both methods, gene-assisted breeding value estimation increased
accuracies of total estimated breeding value (EBV) with 0% to 22% for genotyped animals in comparison to conventional
breeding value estimation. For animals that were not genotyped, the increase in accuracy was much lower (0% to 5%), but
still substantial when the heritability was 0.1 and when the QTL explained at least 15% of the genetic variance. Regression
on predicted gene content yielded higher accuracies than IBD–LA. Allele substitution effects were, however, overestimated,
especially when only sires and males in the last generation were genotyped. For juveniles without phenotypic records and traits
measured only on females, the superiority of regression on gene content over IBD–LA was larger than when all animals had
phenotypes. Missing gene contents were predicted with higher accuracy using multiple-marker iterative peeling than with using
mixed model methodology, but the difference in accuracy of total EBV was negligible and mixed model methodology was
computationally much faster than multiple iterative peeling. For large livestock populations it can be concluded that gene-assisted
breeding value estimation can be practically best performed by regression on gene contents, using mixed model methodology to
predict missing marker genotypes, combining phenotypic information of genotyped and ungenotyped animals in one evaluation.
This technique would be, in principle, also feasible for genomic selection. It is expected that genomic selection for ungenotyped
animals using predicted single nucleotide polymorphism gene contents might be beneficial especially for low heritable traits.
Keywords: gene-assisted breeding value estimation, missing marker genotypes, SNP, IBD, accuracy
Implications
Missing genotypes on large proportions of livestock animals
is a major problem when implementing gene-assisted
breeding value estimation for genes with known effect. In
this study, we compared different methods. Using mixed
model methodology to predict missing genotypes was
considered as the practically best method. Gene-assisted
breeding value estimation leads to 0% to 22% increase
in accuracy for genotyped animals and 0% to 5%
increase in accuracy for ungenotyped animals. Especially
for traits with low heritability, also ungenotyped animals
benefit from gene-assisted breeding value estimation.
Results may indicate that also genomic selection would
be beneficial for ungenotyped animals, especially at low
heritability.- E-mail: herman.mulder@wur.nl
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Introduction
In the last 20 years, many studies have been carried out
to find quantitative trait loci (QTL) for quantitative traits in
livestock. In some cases, the causative mutation was
identified, e.g. DGAT1 in dairy cattle for milk yield and milk
composition (Grisart et al., 2002; Winter et al., 2002) and
IGF2 in pigs for body weight (Van Laere et al., 2003).
Marker-assisted and gene-assisted selection have been
shown to increase genetic gain in breeding programs with a
higher increase for traits with low heritability (Lande and
Thompson, 1990; Meuwissen and Goddard, 1996; see
reviews in Weller, 2001; Dekkers and Van der Werf, 2007;
Weller, 2007). Gene-assisted selection increases genetic
gain more than marker-assisted selection, because no
recombination takes place between the marker and QTL, and
therefore estimated breeding values (EBV) are predicted with
higher accuracy with gene-assisted breeding value estima-
tion (Villanueva et al., 2002). Finding all genes is, however,
more difficult and more resource-demanding (Dekkers,
2004). To circumvent this, Meuwissen et al. (2001) proposed
genomic selection, where breeding values are predicted
based on genome-wide estimated marker effects using
dense single nucleotide polymorphism (SNP) maps, utilizing
that SNP are in linkage disequilibrium with genes of interest.
Different procedures have been proposed for gene- and
marker-assisted breeding value estimation, some being also
used for QTL detection. The methods can be classified into
two groups: (i) model QTL effects as random effects and
use an inverse identity-by-descent matrix (IBD) to account
for relationships between haplotypes of related animals
(Fernando and Grossman, 1989) and (ii) model gene and/or
markers as fixed or random effects (Weller, 2001; Dekkers
and Van der Werf, 2007) or regression on gene content
(number of copies of B-allele in the case of B and b-alleles)
in the case of bi-allelic genes (e.g. Gengler et al., 2007 and
2008). No studies have compared both methods for gene-
assisted breeding value estimation. It is expected that
directly modeling gene effects or regression on gene con-
tents would yield higher accuracies of EBV than modeling
haplotype effects with an IBD method, because fewer
effects need to be estimated. The advantage of using the
IBD method is that it is more generic and can be used when
either the gene is known or unknown.
Until now, gene-assisted, marker-assisted and genomic
breeding value estimation has been implemented on a
limited scale. One of the main challenges is to include both
genotyped and ungenotyped animals in breeding value
estimation. Including genotyped and ungenotyped animals
in one evaluation is not only for practical ease, but
is important also to optimize the usage of information.
Several methods have been proposed to deal with missing
genotypes. Hoeschele (1993) and Meuwissen and Goddard
(1999) proposed methods to eliminate equations of QTL
effects of ungenotyped animals by absorption, which
requires an adapted variance–covariance matrix among
breeding values and QTL effects. When the gene is known,
iterative peeling methods can be used to predict genotype
probabilities (Van Arendonk et al., 1989; Fernando et al.,
1993; Thallman et al., 2001a and 2001b; Meuwissen,
2006). In the case of bi-allelic genes, the gene content can
be predicted using mixed model methodology (MM), where
(un)known genotypes are treated as (missing) phenotypes
using the additive genetic relationship matrix to predict
missing genotypes (Gengler et al., 2007 and 2008). Gengler
et al. (2007) compared single-marker iterative peeling with
the MM method and concluded that MM performed well
and is attractive for implementation of gene-assisted
breeding value estimation in large populations. When using
the IBD method, Totir et al. (2004) presented approxima-
tions to calculate IBD matrices when some animals are
not genotyped. Meuwissen (2006) proposed to calculate
inverse IBD matrices based on the genotype probabilities
that are calculated by multiple-marker iterative peeling. The
method of Meuwissen (2006) is deterministic in nature
making it possible to calculate inverse IBD matrices based
on linkage analysis information (IBD–LA) for large popula-
tions. Until now, no studies have compared regression on
gene content with IBD–LA method when dealing with
missing genotypes in gene-assisted breeding value esti-
mation and the difference in accuracy of total breeding
value is unknown.
The overall objective was to compare different methods
to deal with missing marker genotypes on accuracy of gene-
assisted breeding value estimation for identified bi-allelic
genes using Monte Carlo simulation. The detailed objec-
tives of this article were: (i) to compare accuracy of gene-
assisted breeding value estimation with missing marker
genotypes when regressing on predicted gene content or
using IBD–LA, (ii) to extend the single-marker MM (S-MM)
method to multiple-marker MM (M-MM) and (iii) to com-
pare multiple-marker iterative peeling (MIP), single-marker
iterative peeling (SIP), M-MM and S-MM on accuracy of
gene-assisted breeding value estimation using regression
on gene content. Two scenarios of missing marker geno-
types were evaluated for different values of the heritability
and proportion of genetic variance explained by the QTL. In
addition, situations with sex-linked traits and juvenile ani-
mals without phenotypes were considered.
Material and methods
Scenarios and outline of simulation
Outline. In practice, usually a limited number of animals is
genotyped. Mainly (potential) sires and some potential
female selection candidates are genotyped. The vast major-
ity of the animals that are phenotypically recorded do
not have marker genotypes. However, in gene-assisted
breeding value estimation, the aim is that phenotypic
information of ungenotyped animals is also used for esti-
mation of QTL effects. Therefore, we simulated three gen-
otyping scenarios: (i) only sires and males in the last
generation are genotyped and (ii) all males are genotyped
and (iii) all animals are genotyped. If animals are genotyped,
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then they are genotyped for the QTL and 10 flanking
markers. One trait was simulated with one bi-allelic QTL, a
polygenic and a residual effect. The simulation scheme
represented a nested full-sib half-sib design (multiple off-
spring per mating and dam nested within sire) with discrete
generations, which is common in commercial breeding
programs. One trait was simulated, which was recorded on
all animals once. Because some of the methods applied rely
on linkage disequilibrium (LD) between markers and QTL,
first 100 generations of random mating were performed
prior to the data collection scheme (generations 101 to
105), which will be called the LD generations.
LD generations. Each generation of 50 sires and 50 dams
were randomly mated. The QTL and 20 bi-allelic markers
were placed on one chromosome of 1 M length. The QTL
was placed in the middle of the chromosome and the
markers were equally spaced at 5 cM (first marker was at
2.5 cM and the last at 97.5 cM). The QTL was in the middle
of the marker bracket between marker 10 and 11, resulting
in that both direct flanking markers are at a distance of
2.5 cM. In the founder generation, all markers and the QTL
were in linkage equilibrium and had an allele frequency of
0.5. The QTL variance s2Aqtl varied between 5% and 25% of
the total genetic variance, when the allele frequency is 0.5.
The allele substitution effect was set to:
a ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
s2Aqtl=2pq;
q
assuming that the allele frequencies p and q are 0.5, which
is the case in the base generation. Recombination rates
were calculated using Haldane mapping function (Haldane,
1919). During the LD generations, some markers or the QTL
became fixed due to drift.
Data collection scheme. After establishing LD, each gen-
eration of 50 sires and 250 dams were selected based on
conventional BLUP–EBV and randomly mated to produce
2000 offspring (1000 males and 1000 females). Each sire
was mated to five dams and each dam produced eight
offspring resulting in that each sire had 40 half-sib off-
spring, five full-sib groups of eight full-sibs. In total, five
generations of phenotypic data (generations 101 to 105)
were created and used in breeding value estimation (10 000
animals in total). The animals of generation 101 served as
base generation in the pedigree. The generations 102 to
104 were used to create gametic phase disequilibrium
(Bulmer, 1971). On each side of the QTL, five markers were
selected with an allele frequency between 0.05 and 0.95 in
generation 105 and that were as close as possible to the
QTL. Results were based on 100 effective replicates after
discarding the replicates with minor allele frequency of the
QTL in the last generation (generation 105) less than 0.05
or with less than five polymorphic markers on either side of
the QTL. Due to fixation of some markers, the average
marker distance over all replicates was 0.058.
In generation 101, polygenic effects were sampled from
Nð0; s2ApolÞ, where s2Apol is the polygenic genetic variance. In
subsequent generations polygenic effects were sampled
from Nð0:5Apol;s þ 0:5Apol;d; 0:5s2Apolð1  fpÞÞ, where fp is
the average inbreeding coefficient of the parents. Inbreed-
ing coefficients were calculated using the Meuwissen
and Luo (1992) algorithm. Residual effects were sampled
as Nð0; s2eÞ, where s2e is the residual variance. The total
phenotype was P ¼ Aqtl þ Apol þ e, where Aqtl is 2a, 0
and a for, respectively, the QTL genotypes 11, 12 and 22.
Parameter values in simulation. The overall heritability was
0.1, 0.3 and 0.5 and the QTL explained 5%, 15% and 25%
of the total genetic variance when the allele frequency was
0.5 as it was in the founder generation. The phenotypic
variance was 1.0 in all situations when the allele frequency
of the QTL was 0.5. The realized variance of the QTL was
lower due to deviations of the allele frequency from 0.5.
Averaged over all replicates, the average allele frequency of
the negative QTL allele was 0.63 in generation 101 before
selection started and deviated from 0.5, because in repli-
cates with allele frequencies closer to 0, the QTL was more
likely to get fixated due to selection. The used parameter
values are listed in Table 1. In addition to the situation
where all animals had phenotypic records, two other sce-
narios were evaluated using the default parameters: (i)
juveniles without phenotypic records and (ii) a trait that is
measured only on females, e.g. female reproduction traits.
Breeding value estimation
Conventional BLUP. A conventional genetic evaluation was
performed using an animal model:
y ¼ mþ ucon þ e; ð1Þ
where ucon is the estimated breeding value with variance
s2ucon ¼ s2Apol þ s2Aqtl (s2Aqtl was re-estimated in generation 101;
s2AQTL ¼ 2p101ð1  p101Þa2). The overall mean, m, was fixed
and ucon was random and the inverse additive genetic rela-
tionship matrix (A21) was used to account for covariances
Table 1 Parameter values for simulation
Parameter
Default
value
Alternative
values
Number of sires per generation 50
Number of dams per generation 250
Total number of animals 10 000
Number of progeny per dam 8
Number of generations 5
Heritability 0.3 0.10 and 0.50
Proportion of genetic variance
explained by quantitative trait loci 0.15 0.05 and 0.25
Number of markers simulated 20
Distance between markers 5 cM
Number of markers used 10
Number of replicates 100
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between related animals. In all cases, MM equations were
solved using MiX99, which makes use of the preconditioned
conjugate gradient algorithm (Lidauer and Stranden, 1999).
The MM equations were considered converged when the
relative difference between left-hand and right-hand side
of the MM equations was smaller than 1.03 10210.
Gene-assisted (GA)-BLUP with regression on predicted gene
content. In this case, equation (1) was extended with a
random regression on the predicted gene content, either
from MIP/SIP or M-MM/S-MM (see later):
y ¼ mþ upol þ b g^cþ e; ð2Þ
where upol is the estimated polygenic breeding value with
variance s2upol ¼ s2Apol , b is the random regression coeffi-
cient for the QTL effect with varðbÞ ¼ s2Aqtl=2pq ¼
2pqa2=2pq ¼ a2 and g^c is the predicted gene content
(see Prediction of gene content section). Regression on
gene content was modeled as a random effect to have the
QTL effect, in both this method and the IBD method, as a
random effect. In this case, the difference between mod-
eling gene content as a random or as a fixed effect would
be minor. Results were very robust against small errors in
the used variance component. In addition, when many SNP
would be included in the model such as in genomic selec-
tion, it is advantageous to include them as random effects
rather than as fixed effects (Meuwissen et al., 2001).
GA-BLUP with IBD method. In this case, equation (1) was
extended with paternal (hpat) and maternal haplotype
effects (hmat):
y ¼ mþ upol þ hpat þ hmat þ e: ð3Þ
The relationship between the haplotypes was accounted
for by using an inverse IBD matrix (G21) in the MM equa-
tions (Fernando and Grossman, 1989). The MM equations
in matrix notation are:
X0X X0Z X0W
Z0X Z0Zþ aA1 Z0W
W0X W0Z W0Wþ bG1
2
64
3
75
b
u
h
2
64
3
75 ¼
X0Y
Z0Y
W0Y
2
64
3
75;
ð4Þ
where X, Z and W are the design matrices for fixed effects,
polygenic breeding values and haplotype effects, respec-
tively, and a and b are respectively the variance ratios for
the polygenic breeding values and haplotype effects. The
variance of the haplotype effects was half the variance at
the QTL (s2h ¼ 0:5s2Aqtl ), because the QTL effect per animal
is explained by two haplotypes. The s2AQTL was re-estimated
in the base generation (generation 101, first generation
after LD generations) to account for changes in allele fre-
quency of the QTL during the LD generations (s2AQTL ¼
2p101ð1  p101Þa2). For all methods, true simulated variances
in generation 101 were used to avoid using restricted
maximum likelihood to estimate variance components, which
would have added substantial computing time and was
outside the scope of this study.
Prediction of gene content
MIP (multiple-marker iterative peeling). Multiple-marker
iterative peeling (Meuwissen, 2006) was used to calculate
genotype probabilities at the QTL locus making use of 10
flanking markers (MIP). The algorithm is suitable for large
pedigrees. Briefly, the method is applied to one marker at a
time, where the transmission probabilities (probability of
offspring inheriting genotype X when the parents have
genotypes Y and Z) account for the inheritance at sur-
rounding loci. In addition to the algorithm explained in
Meuwissen (2006), the current algorithm uses LD infor-
mation to infer genotype probabilities as explained in
Appendix 1. Furthermore, the same algorithm was used
without flanking markers (SIP). The comparison between
MIP and SIP gives insight in the advantage of using flanking
markers (i.e. LA information). The expected gene content
was calculated as g^c ¼Pgpi  gci where gpi is the
genotype probability and gci is the gene content of geno-
type i, i.e. 2, 1, 0 for respectively 22, 12 and 11.
S-MM (single-marker mixed model). The single-marker
mixed model method (Gengler et al., 2007 and 2008) was
used to predict gene content. The model for S-MM was:
gc ¼ mgc þ d þ egc; ð5Þ
where mgc is the overall mean (twice the allele frequency of
allele 2 in the base generation), d is the EBV for gene
content and egc is the residual of gene content. The MM
equations are:
101 10M
M01 M0Mþ lA1
  mgc
dy
dx
2
64
3
75 ¼ 10gcy
M0gcy
" #
; ð6Þ
where 1 and M are the design matrices for fixed effects
(only m) and EBV for gene content (d ), A21 is the inverse
additive genetic relationship matrix, l is the variance ratio
of residual variance and additive genetic variance for gene
content allowing for a small proportion of genotyping errors
l ¼ s2egc=s2gc ¼ 0:01=0:99, d is a vector with the EBV for
gene content with dy for genotyped animals and dx for
ungenotyped animals (expected gene content: g^c ¼ d) and
gcy is the vector with observed gene contents. Gene con-
tents of animals not genotyped were set to missing. The S-MM
method does not account for information of flanking markers.
M-MM (multiple-marker mixed model). In this article, we
propose a simple multivariate extension using other marker
gene contents as correlated information, which requires the
correlation between markers. The correlation r was calcu-
lated on all marker genotypes, assuming that all animals
are genotyped. The squared correlation r2 is a measure of
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LD (Hill and Robertson, 1968). The average r2 between
adjacent markers was 0.048. The MM equations are:
10R11 10R1M
M0R11 M0R1MþA1G1
2
4
3
5
ugc
dy
dx
2
6664
3
7775¼
10R1gcy
M0R1gcy
2
4
3
5
ð7Þ
where the residual variance–covariance matrix R¼ Is2egc
(s2egc ¼0:01) and the genetic variance–covariance matrix
for n markers
Gnn¼
s2gc;1 rijsgc;1sgc;2 . . . rinsgc;1sgc;n
s2gc;2 . . . rinsgc;2sgc;n
. . . . . .
symmetric s2gc;n
2
66664
3
77775;
where n is 11 (10 markers 1 QTL) in our study and
s2gc;1 ¼s2gc;2 ¼ . . .¼s2gc;n¼s2gc¼0:99. When values of rij
were larger than 0.98 (smaller than 20.98), the value of rij
was set to 0.98 (20.98) to avoid singularities in the matrix.
MiX99 was used to solve the MM equations for S-MM and
M-MM (Lidauer and Stranden, 1999). The MM equations
were considered converged when the relative difference
between left-hand and right-hand side of the MM equa-
tions was smaller than 1.03 10210.
Prediction of IBD probabilities
Multiple iterative peeling was used to calculate segregation
indicator probabilities based on predicted genotype prob-
abilities. Segregation indicator probabilities were adjusted
when the locus itself was uninformative (e.g. homozygous
parent, both parents are heterozygous) using information of
the nearest informative loci on both sides of the QTL
(Meuwissen, 2006). These segregation indicator prob-
abilities were used to calculate inverse IBD matrices at the
marker locus using Fernando and Grossman (1989) rules in
a recursive manner. When the paternal segregation indi-
cator probabilities were larger than 0.95 (smaller than
0.05), offspring received the paternal (maternal) haplotype.
The inverse IBD matrices were sparsely stored to save
memory. The base haplotypes were assumed unrelated.
Therefore, the inverse IBD matrices contained only linkage
analysis information (IBD–LA).
Evaluation of accuracy of GA-BLUP
The accuracy of GA-BLUP was assessed by the accuracy of
the estimated QTL–EBV, polygenic EBV and total EBV. The
estimated QTL–EBV was calculated as b g^c for model (2)
and as h^pat þ h^mat for model (3). The total EBV was cal-
culated as the sum of the QTL–EBV and the polygenic EBV.
The accuracy was calculated as the correlation between the
true and estimated breeding values. Results were averaged
over the 100 replicates.
Results
Comparison of regression on predicted gene content
with IBD–LA
Table 2 shows the accuracies of EBV for regression on gene
content and the IBD–LA method when applying GA-BLUP.
In the scenarios with missing genotypes, MIP was used to
predict gene content for GA-BLUP with regression on gene
content. The accuracies were always lower with IBD–LA
than with regression on gene content. Note that the
accuracy of QTL–EBV with regression on gene content was
unity for genotyped animals. Although the allele substitu-
tion effects were sometimes under- or overestimated, the
signs were always correctly estimated. Since the QTL had
two alleles, the correlation between QTL–EBV and the true
QTL effect was always one. Genotyped males benefited
more from GA-BLUP than ungenotyped females. For unge-
notyped females, the benefit of GA-BLUP was negligible.
Accuracies were slightly higher when all males were gen-
otyped than when only sires and the males in the last
generation were genotyped, especially with the IBD–LA
Table 2 Accuracies of quantitative trait loci (QTL)–estimated breeding values (EBV), polygenic EBV and total EBV for males and females in the last
generation using conventional BLUP (Conblup), regression (Regress) on predicted gene content with multi-marker iterative peeling or using linkage
analysis of identity-by-descent relationships method in gene-assisted BLUP when the heritability is 0.30 and the QTL explains 15% of the genetic
variance, when only sires and males in last generation are genotyped, when all males are genotyped or when all animals are genotyped
Accuracy
Sires and males in last generation genotyped All males are genotyped All genotyped
EBV Sex Conblup Regress IBD Regress IBD Regress IBD
QTL Males 1.000 (0.000) 0.682 (0.013) 1.000 (0.000) 0.743 (0.011) 1.000 (0.000) 0.789 (0.009)
Females 0.678 (0.004) 0.446 (0.011) 0.682 (0.004) 0.494 (0.009) 1.000 (0.000) 0.791 (0.009)
Polygenic Males 0.582 (0.003) 0.565 (0.003) 0.585 (0.003) 0.570 (0.003) 0.586 (0.004) 0.572 (0.003)
Females 0.580 (0.003) 0.564 (0.003) 0.582 (0.003) 0.567 (0.003) 0.585 (0.004) 0.572 (0.003)
Total Males 0.589 (0.003) 0.626 (0.003) 0.610 (0.003) 0.627 (0.003) 0.613 (0.003) 0.628 (0.003) 0.616 (0.003)
Females 0.587 (0.003) 0.592 (0.003) 0.590 (0.003) 0.592 (0.003) 0.590 (0.003) 0.627 (0.003) 0.616 (0.003)
IBD5 identity-by-descent relationship method; QTL5 quantitative trait loci.
Average of 100 replicates; standard errors within brackets.
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method, but the results are similar. The IBD–LA method is
more sensitive to the number of genotyped animals than
the regression on gene content method.
Effect of heritability and proportion of genetic variance
explained by the QTL. Table 3 shows the accuracies of total
EBV with GA-BLUP relative to conventional BLUP. The
accuracies increased more with regression on gene content
than with IBD–LA. Differences between both methods were
largest at low heritability and high QTL variance for geno-
typed animals, whereas differences were smaller for
ungenotyped animals. In most cases, the increase in accu-
racy was marginal for ungenotyped animals, but the
increase was still substantial when the heritability was low
and the QTL variance was high.
Effect of minor allele frequency. Figure 1 shows the accu-
racy of QTL–EBV as a function of the minor allele frequency
(MAF) of the QTL in the last generation using regression on
gene content or IBD–LA for males (panel A) and females
(panel B) in the last generation. For both males and
females, the accuracy of the QTL–EBV was insensitive to
MAF with regression on gene content, whereas it was
sensitive to MAF with IBD–LA. With IBD–LA, the accuracy
decreased when MAF was lower than 0.2. When MAF was
higher than 0.2, no clear trend was observed. Substantial
variation was observed between replicates for IBD–LA. For
ungenotyped females, both methods showed variation
between replicates, especially with IBD–LA. It can be con-
cluded that the accuracy of the GA-BLUP with IBD–LA
decreases, when the minor allele frequency of the QTL is
lower than 0.2, whereas the accuracy does not change with
regression on gene content.
Juveniles and female traits. Table 4 shows the accuracies of
total EBV for regression on gene content and the IBD
approach for juveniles that do not have phenotypes yet and
female traits measured only in females (e.g. milk produc-
tion). For juveniles, accuracies were substantially lower than
for animals with a phenotypic record. The increase in
accuracy with GA-BLUP in comparison to conventional
BLUP was substantial, also for ungenotyped females. The
difference between regression on gene content and IBD–LA
was larger than when all animals had phenotypes.
For female traits, a substantial difference was observed
between males and females in absolute level of accuracy.
For females, when they were not genotyped, the difference
in accuracy between regression on gene content and the
IBD approach was negligible. For males, the accuracy
increased more with regression on gene content than with
IBD–LA. The difference between regression on gene content
and IBD–LA was larger than when all animals had pheno-
types. It can be concluded that the superiority of regression
Table 3 Accuracy of total estimated breeding value for different
combinations of heritability and quantitative trait loci variance
(QTLvar) as proportion of the total genetic variance for males and
females in the last generation using conventional BLUP (Conblup) or
gene-assisted BLUP using either regression on gene content (Regress)
or the linkage analysis of identity-by-descent relationships method,
when sires and males in the last generation were genotyped
Accuracy of animals in last generation
Genotyped males Ungenotyped females
Heritability QTLvar Conblup Regress IBD Conblup Regress IBD
0.1 0.05 0.472 0.493 0.476 0.473 0.477 0.474
0.15 0.463 0.526 0.487 0.464 0.476 0.468
0.25 0.461 0.563 0.508 0.458 0.481 0.468
0.3 0.05 0.593 0.605 0.598 0.595 0.596 0.595
0.15 0.589 0.626 0.610 0.587 0.592 0.590
0.25 0.586 0.641 0.622 0.585 0.591 0.590
0.5 0.05 0.690 0.703 0.700 0.688 0.695 0.695
0.15 0.690 0.709 0.702 0.690 0.691 0.691
0.25 0.685 0.720 0.710 0.688 0.690 0.690
IBD5 identity-by-descent relationship method.
Average of 100 replicates; standard errors are 0.004–0.006, 0.003–0.004
and 0.002–0.003 for heritabilities 0.1, 0.3 and 0.5, respectively.
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Figure 1 Accuracy of quantitative trait loci (QTL)–estimated breeding value
(EBV) as a function of the minor allele frequency of the QTL in the last
generation using regression on predicted gene content with multiple-marker
iterative peeling or identity-by-descent relationships using linkage analysis
(IBD–LA) for genotyped males (panel a) and ungenotyped females (panel b) in
the last generation (only sires and males in the last generation are genotyped)
when the heritability is 0.30 and the QTL explains 15% of the genetic variance
(each point represents one replicate of in total 100 replicates).
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on gene content over IBD–LA is larger for juveniles and female
traits than for traits measured early in life in both sexes.
Regression on gene content with different methods to
predict gene content
In the previous section, extensive comparisons are made
between regression on gene content and IBD–LA. In
this section, different methods are compared to predict
gene contents by investigating its effect on accuracy of
GA-BLUP.
Table 5 shows the accuracies of QTL–EBV, polygenic EBV
and total EBV for the scenarios where only sires and males
in last generation were genotyped and all males were
genotyped using different methods to predict gene content
using regression on gene content in GA-BLUP, in compar-
ison to conventional BLUP and GA-BLUP when all animals
are genotyped. Differences between methods were rather
small. Both MM methods (M-MM and S-MM) yielded
almost identical results. MIP performed better than M-MM
and S-MM, resulting in a higher accuracy of the QTL–EBV.
SIP performed better than M-MM and S-MM, but worse
than MIP. Although the QTL–EBV were estimated more
accurately with MIP and SIP, the difference in accuracy of
the total EBV was negligible.
Estimation of allele substitution effect
Table 6 shows the estimated allele substitution effect as a
percentage of the true simulated allele substitution effect
for different combinations of heritability and QTL variance
using GA-BLUP with regression on gene content with dif-
ferent methods to predict gene contents. In most cases, the
allele substitution effect was severely overestimated,
especially when only sires and males in the last generation
were genotyped. In the latter situation, the allele sub-
stitution effect absorbs part of the genetic trend in the
polygenic term. The overestimation was slightly larger with
MIP and SIP when sires and males in the last genera-
tion were genotyped than with M-MM and S-MM, but vice
versa when all males were genotyped. The overestima-
tion increased with higher proportion of genetic variance
explained by the QTL. When all animals were genotyped,
the allele substitution effects was close to the true value
and slightly underestimated when the heritability was 0.10
and the QTL explained 5% of the genetic variance. Without
Table 4 Accuracies of total estimated breeding values for traits for males and females in the last generation using conventional BLUP (Conblup),
regression (Regress) on predicted gene content with multi-marker iterative peeling or using linkage analysis of identity-by-descent relationships
method in gene-assisted BLUP when the heritability is 0.30 and the quantitative trait loci explains 15% of the genetic variance for animals at early
age before phenotypes are recorded (juveniles) and traits recorded only in females (female trait) when only sires and males in last generation are
genotyped, when all males are genotyped or when all animals are genotyped
Accuracy of animals in last generation
Sires and males in last generation genotyped All males are genotyped All genotyped
Type of trait Sex Conblup Regress IBD Regress IBD Regress IBD
Juveniles Males 0.182 0.336 0.254 0.341 0.278 0.342 0.287
Females 0.181 0.225 0.202 0.230 0.207 0.338 0.285
Female trait Males 0.385 0.470 0.419 0.474 0.422 0.477 0.441
Females 0.561 0.565 0.563 0.566 0.563 0.605 0.587
IBD5 identity-by-descent relationship method.
Average of 100 replicates; standard errors are 0.006–0.007 for juveniles for both sexes, 0.006 for males and 0.004 for females for female traits.
Table 5 Accuracies of quantitative trait loci (QTL)–estimated breeding values (EBV), polygenic EBV and total EBV for conventional BLUP (Conblup)
and gene-assisted BLUP with regression on gene content when only sires and males in last generation are genotyped or when all males are
genotyped with different methods to predict gene contents when the heritability is 0.30 and the QTL explains 15% of the genetic variance
Sires and males in last generation genotyped All males genotyped
EBV Sexa Conblup MIP M-MM SIP S-MM MIP M-MM SIP S-MM
QTL Males 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Females 0.678 0.632 0.658 0.632 0.682 0.635 0.661 0.635
Polygenic Males 0.582 0.583 0.583 0.583 0.585 0.585 0.585 0.585
Females 0.580 0.580 0.579 0.580 0.582 0.581 0.581 0.581
Total Males 0.589 0.626 0.626 0.626 0.626 0.627 0.627 0.627 0.627
Females 0.587 0.592 0.589 0.590 0.589 0.592 0.589 0.591 0.589
MIP5multiple-marker iterative peeling; M-MM5multiple-marker mixed model; SIP5 single-marker iterative peeling; S-MM5 single-marker mixed model to
predict gene content, i.e. the number of two alleles.
aMales are genotyped; females are ungenotyped.
Average of 100 replicates; standard errors are 0.000 for males for QTL–EBV, 0.004 for females for QTL–EBV, 0.003 for polygenic and total EBV for both sexes,
all methods and both scenarios.
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selection, allele substitution effects were close to the true
values also when only part of the animals was genotyped
(results not shown). It can be concluded that inclusion of
missing genotypes in data sets with selection can bias allele
substitution effects, but the effect on accuracy of GA-BLUP
is negligible.
Discussion
Methods and results
In this study, different methods were compared in their
ability to deal with missing genotypes in gene-assisted
breeding value estimation, when the gene is known.
Regression on predicted gene content was compared to
using an inverse IBD matrix based on linkage analysis
information (IBD–LA) in the MM equations. In addition, MIP
and MM predictions were compared to predict gene content
for genotyped and ungenotyped animals. As expected,
regression on gene content performed better than the
IBD–LA method, resulting in slightly higher accuracies of
the total EBV. MIP performed better than SIP and the MM
methods to predict gene content, but differences in accu-
racy of total EBV were rather small. Gengler et al. (2007)
reported also very similar correlations between true and
predicted gene contents using either the S-MM or SIP. Allele
substitution effects were overestimated in agreement
with Gengler et al. (2008), but in disagreement with Baruch
and Weller (2009), who found that allele substitution effects
were underestimated. Clearly, the overestimation is partly
due to genotyping only a selected group of sires in genera-
tions 1 to 4 (see Table 6), whereas Baruch and Weller (2009)
genotyped all bulls in each generation. Gengler et al. (2007)
reported significant improvement of prediction of gene
contents over the method of Israel and Weller (1998), which
was also used in Baruch and Weller (2009). The improvement
in prediction of gene content may explain also the difference
in results between Baruch and Weller (2009) on one side and
Gengler et al. (2007) and this study on the other side.
The IBD–LA method performed worse than regression on
gene contents. The assumption of the IBD method is that
the locus has an infinite number of alleles, which is clearly
violated in the case of gene-assisted breeding value esti-
mation with a QTL with two alleles. As a consequence,
more effects need to be estimated, resulting in lower
accuracy of the estimated haplotype effects and the total
EBV (Villanueva et al., 2002). Furthermore, in this study the
IBD matrix was constructed using only linkage analysis
information. Combining linkage disequilibrium and linkage
analysis information as in LD/LA analysis is expected to
improve the accuracy of the QTL–EBV and the total EBV.
Meuwissen et al. (2002) showed that combined LD/LA
analysis narrowed the likelihood peak around the putative
QTL locus. In terms of breeding value estimation, LD
information would increase the connectedness between the
haplotypes increasing accuracy of the estimates. In addition
to the results, we used LD/LA when all animals were gen-
otyped and the accuracy of the QTL–EBV was 0.93 and the
accuracy of the total EBV was only 0.004 lower than the
accuracy of the total EBV with regression on gene content
(based on 20 replicates with 5000 animals to limit com-
puting time). This shows that inclusion of LD information in
construction of the inverse IBD matrix increases accuracy,
however, at the cost of extra computing time. Furthermore,
inclusion of linkage disequilibrium information in the pre-
sence of missing genotypes of base animals is an unsolved
problem.
Using information of flanking markers increased the
accuracy of the QTL–EBV when using MIP. The multiple-
marker extension of the MM method did, however, perform
similar as the S-MM. MIP uses mainly linkage analysis
information within families. Information of flanking markers
makes it easier to determine paternal and maternal hap-
lotypes. With the M-MM method, only LD information
across families is used, which was low as indicated by
r2E 0.05 due to the relatively low marker density. There-
fore, information of flanking markers increased the accuracy
Table 6 The estimated allele substitution effect as a percentage of the true simulated allele substitution effect for gene-assisted BLUP when
animals are all genotyped, when only sires and males in last generation are genotyped or when all males are genotyped with different methods to
predict gene contents for different values of heritability and quantitative trait loci variance (QTLvar)
True allele
Sires and males in last generation genotyped All males genotyped
Heritability QTLvar substitution effect MIP M-MM SIP S-MM MIP M-MM SIP S-MM All animals genotyped
0.1 0.05 0.100 108 102 107 102 99 101 97 101 94
0.15 0.173 121 115 122 115 103 105 102 105 97
0.25 0.224 124 118 124 118 105 107 103 107 98
0.3 0.05 0.173 116 114 117 114 106 108 103 108 99
0.15 0.300 119 115 121 115 104 107 102 107 99
0.25 0.387 122 118 123 118 105 108 102 108 100
0.5 0.05 0.224 115 114 116 114 105 108 102 108 100
0.15 0.387 120 116 121 116 104 107 102 107 99
0.25 0.500 120 116 119 116 104 106 101 106 99
MIP5multiple-marker iterative peeling; M-MM5multiple-marker mixed model; SIP5 single-marker iterative peeling; S-MM5 single-marker mixed model to
predict gene content, i.e. the number of two alleles.
Average of 100 replicates; standard errors of estimated allele substitution effects are 0.002–0.009.
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of QTL–EBV with MIP, but it did not increase accuracy of
QTL–EBV with the M-MM method. The M-MM method
might be useful to predict gene contents when certain
animals are not genotyped on some loci, but have geno-
types on other flanking loci and when marker densities are
much higher resulting in higher correlations between mar-
kers. The M-MM method and the MIP method might be
useful to predict gene contents of SNP markers in genomic
selection in situations where animals have missing geno-
types for some markers due to genotyping problems or
differences in SNP arrays. The mixed model method is not
only computationally advantageous, e.g. with 60 K SNP
chips, but can also easily deal with genetic groups in the
base population (Gengler et al., 2007) and can be used to
predict accurately allele frequencies in the base generation
(VanRaden, 2008).
Implications for breeding
This study shows that even ungenotyped animals benefit
from gene-assisted breeding value estimation, although the
increase is only substantial when the heritability of the trait
is low and when the QTL explains a large proportion of the
genetic variance. However, genotyping these animals would
further increase the accuracy. Using information of flanking
markers increases the accuracy of the total EBV only mar-
ginally at the marker density considered in this study.
Therefore, if budgets for genotyping are limited, it is better
to genotype as many animals for the gene as possible
instead of genotyping fewer animals for the gene and some
flanking markers. On the contrary, it is not expected that
selection response increase substantially when increasing
the proportion of genotyped animals to 100%. Ansari-
Mahyari et al. (2008) found that genotyping respectively
20% and 50% of the selection candidates would yield 89%
and 95% of the maximum response. For gene-assisted as
well as genomic selection, it is worth to have at least 1000
animals genotyped to get accurate estimates of SNP effects
(Goddard, 2009).
In this study, it was found that the advantage of gene-
assisted breeding value estimation is greater when the
heritability is low and when the QTL is explaining a large
proportion of the genetic variance. This is in accordance
with other studies (Lande and Thompson, 1990; Meuwissen
and Goddard, 1996; see reviews in Weller, 2001; Dekkers
and Van der Werf, 2007; Weller, 2007) showing that gene-
and marker-assisted is most beneficial for traits with a low
heritability. In addition to other studies, results here indicate
that for traits with low heritability (e.g. disease and fertility
traits) even animals that are not genotyped can benefit
from GA-BLUP when inferring their gene content based
on marker information of genotyped relatives. As a con-
sequence, response to selection will be higher when these
ungenotyped animals are selected on GA-BLUP–EBV than
on conventional BLUP–EBV. It is expected that genomic
selection for ungenotyped animals using predicted gene
contents for all SNP would be beneficial especially for low
heritable traits.
Methods applied in this study are applicable for national
genetic evaluations, but some of them are rather time-
consuming. Table 7 shows the computing time in seconds
for the different parts of the calculations. Methods using
multiple-marker iterative peeling (MIP and IBD) are both
more time-consuming than methods using multiple-marker
and single-marker mixed models. The IBD–LA method is
using an enormous amount of time, because in addition to
running MIP, the inverse IBD matrix needs to be constructed
with the Fernando and Grossman (1989) rules. Furthermore,
breeding value estimation with the IBD–LA method takes
more time than when regressing on gene contents. This is
because many more MM equations need to be solved. In
addition, the current implementation of using inverse IBD
matrices in MiX99 (core program described in Lidauer and
Stranden (1999)) may not be optimized in terms of com-
puting time. Based on accuracy and computing time, the
S-MM method as developed by Gengler et al. (2007 and
2008) is practically the best method to use for national
genetic evaluation with inclusion of effects of genes com-
bining phenotypic information of genotyped and ungeno-
typed animals.
Conclusion
This study shows that gene-assisted breeding value esti-
mation increases accuracies of total EBV in comparison to
conventional breeding value estimation. The increase in
accuracy was much lower (0% to 5%) for animals that were
not genotyped compared to genotyped animals (0% to
22%), but still substantial when the heritability was 0.1 and
when the QTL explained at least 15% of the genetic var-
iance. Regression on predicted gene content yields higher
accuracies than using an IBD method based on linkage
analysis information. Missing gene contents can be predicted
Table 7 Computing timea in seconds (average of 20 replicates) for
predicting gene content with multi-marker iterative peeling (MIP),
multi-marker BLUP, single-marker iterative peeling and single-marker
BLUP, for creating the inverse identity-by-descent relationship matrix
using genotype probabilities from MIP and for gene-assisted BLUP
in the situation where sires and males in the last generation are
genotyped
Computing time
Method
Prediction of
gene content
Calculation
inverse IBD matrix
Gene-assisted
BLUP
MIP 143 1
M-MM 11 1
SIP 16 1
S-MM 1 1
IBD 154 49
M-MM5multiple-marker mixed model; SIP5 single-marker iterative
peeling; S-MM5 single-marker mixed model to predict gene content, i.e.
the number of two alleles; IBD5 identity-by-descent relationship method.
aOn a dual-processor 64-bit PC with 2.40 GHz and 8 GB of RAM; programs
were compiled for 32-bit.
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most accurate using MIP, while the mixed model metho-
dology is computationally much faster. For large livestock
populations, gene-assisted breeding value estimation can
be best performed by regression on gene contents, using
mixed model methodology to predict missing genotypes.
This technique would be, in principle, also feasible for
genomic selection using dense SNP chips. It is expected that
genomic selection for ungenotyped animals using predicted
SNP gene contents might be beneficial especially for low
heritable traits.
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Appendix 1 Use of LD information from SNP markers
in MIP to estimate the phase of the founder animals
Our strategy was to include the LD information into the
prior probabilities of the genotypes of the founder animals,
i.e. the animals on the top of the pedigree whose parents
are unknown. Without the use of LD information, the prior
probability of their genotypes is Prior(X1, X2)5 p(X1) p(X2),
where X1 (X2) denotes the SNP allele at chromosome 1 (2)
at locus X, i.e. X15 0 (X15 1) denotes that the ‘0’ (‘1’)
allele is carried at this locus, and p(X1) is the allele fre-
quency of X1. Which chromosome is called 1 or 2 is arbi-
trarily decided by the MIP algorithm, and is not relevant for
the estimation of the phase. Thus, we attempt here to
improve Prior(X1,X2) probabilities by including the LD
information. For the estimation of marker phases of the
descendants of the founder animals, the linkage analysis
information is used by the MIP algorithm. However, if the
estimation of the marker phases of the founder animals is
improved by the inclusion of LD information, the estimates
of the marker phases of the descendants will also improve.
The general approach taken is that we will attempt to
predict Prob(X15 1) by using the genotypes at surrounding
markers at chromosome 1, and using multivariate regres-
sion to regress X1 onto the genotypes of the surrounding
markers. However, instead of using traditional multivariate
regression, Partial Least Squares Regression (PLSR; Martens
and Naess, 1989) will be used, in order to avoid over-fitting
of the data. In the following we will drop the subscript ‘1’
denoting the chromosome, for ease of notation. The
described procedure will be applied to each of the chro-
mosomes of all the founder animals and for all the loci. The
prediction by multiple regression is:
PðX ¼ 1Þ ¼ EðXjZÞ ¼ pX þ bðZ pZÞ;
where Z the vector of marker genotypes at the surrounding
loci (all elements 0 or 1), pX is the frequency of the X5 1
allele, i.e. E(X)5 pX; pZ is a vector of frequencies of each of
the alleles at loci Z being allele 1. In case of traditional
regression, b5 CV21, where C is a row vector of covar-
iances between X and Z’, and V is the variance/covariance
matrix of Z. For PLSR, we also need to estimate the matrices
C and V, and this is described below.
First, we need to decide which are the surrounding
markers of locus X, i.e. which loci are included in Z. As
potential candidates, we consider 20 loci to the left of X (or
fewer if the chromosome end is reached) and 20 loci to the
right of X (or fewer if the chromosome ends). If for any
locus Zi, the genotype of the founder chromosome cannot
be established with reasonable certainty (.0.9 as esti-
mated by the MIP algorithm), locus Zi is eliminated from the
set of surrounding markers. Second, the variance of the
remaining loci Zi are estimated, next to the covariances of Zi
with all other surrounding loci Zj and X in order to obtain all
the elements of C and V. For these (co)variance estimations,
all chromosomes are used for which the required genotypes
are estimated with reasonable certainty (.0.9). If the latter
results in that any of the (co)variance estimates involving
locus Zi is based on less than 50 chromosomes, the locus Zi
is removed from the set of surrounding loci.
The above describes the estimation of the (co)variance
matrices C and V, which are needed for the PLSR regression.
For a detailed description of PLSR, see Martens and Naess
(1989). Briefly, it attempts to reduce the dimensionality of
the regression by setting up k latent variables, which are
linear combinations of the variates Z. The latent variables
are constructed such that they best predict X. We used here
k5 2, i.e. the two best latent variables were used to predict
X. Some preliminary testing indicated that predictions did
not improve markedly by using k. 2. If the estimates of
P(X5 1) were higher than 0.98 (or lower than 0.02),
P(X5 1) was set to 0.98 (0.02) in order to avoid that the
prior information completely determines the genotype.
Next, the Prior(X1, X2), including LD information, was
calculated as:
PriorðX1¼ 1; X2¼ 1Þ ¼PðX1¼ 1Þ  PðX2¼ 1Þ
PriorðX1¼ 1; X2¼ 0Þ ¼PðX1¼ 1Þ  ½1  PðX2¼ 1Þ
PriorðX1¼ 0; X2¼ 1Þ ¼ ½1  PðX1¼ 1Þ  PðX2¼ 1Þ
PriorðX1¼ 0; X2¼ 0Þ ¼ ½1  PðX1¼ 1Þ  ½1  PðX2¼ 1Þ
The complete algorithm consisted of the following steps:
Step 1: Run the MIP algorithm without LD information
until convergence;
Step 2: Include LD information as described above into
the prior probabilities;
Step 3: Use one iteration of the MIP algorithm;
Step 4: If the sum of square of the changes in genotype
probabilities divided by the total sum of square of the
genotype probabilities is less than 1024: finish; otherwise
return to step 2.
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